Background: Fluid intelligence (Gf) is the innate ability of an individual to respond to complex and 3 unexpected situations. Although some studies have considered that the multiple-demand (MD) system of 4 the brain was the biological foundation for Gf, further characterization of their relationships in the context 5 of aging is limited. The present study hypothesized that the structural metrics of the MD system, 6
The participants were recruited from the Cambridge Centre for Ageing and Neuroscience 1 (Cam-CAN) project (www.cam-can.com).A detailed description has been provided in the studies of 2 Shafto et al. (Shafto et al., 2014) and Taylor et al. (Taylor et al., 2017) . The East of England-Cambridge 3
Central Research Ethics Committee (original the Cambridgeshire 2) approved the ethical approval for the 4 study. After providing full informed consent, all participants underwent a diverse set of 5 neuropsychological tests, conducted cognitive tasks, and received MRI scans. Participants were excluded 6 if they had a low Mini-Mental State Examination (MMSE) score (24 or lower), poor fluency in English 7 (non-native or nonbilingual English speakers), poor vision or hearing, self-reported substance abuse, and 8 currently undergoing severe serious health problems. Participants who did not meet the safety and 9
health-related criteria of MRI scanning were also excluded. A total of 603 participants aged 18 to 88 years 10 were recruited in the study. Table 1 provides the demographic information of participants including age, 11 sex, MMSE, and Gf scores. 12
Behavioral Task 13
For the Gf task, the classification subtests of the standard Cattell Culture Fair test were used, and the 14 cognitive abilities measured by core cognitive process of Gf were evaluated (Duncan, 2010) . The 15 behavioral tasks were performed based on the references provided by Cam-CAN (Shafto et al., 2014; 16 Taylor et al., 2017) . The detailed information for the standard protocol in Scale 2, Form A of Cattell 17 Culture Fair test can be found in other papers using the same dataset (Kievit et al., 2014) , and De Mooij et 18 al. (2018) . The optimal testing of Gf abilities such as pattern recognition, abstract reasoning, and problem 19 solving was assessed using the factor analytic approach (Carroll, 1993; Cattel, 1971 ). The total maximum 20 scores of the Cattell Culture Fair tests were 46; the tests consisted of three scales with nonverbal visual 21 puzzles involving series completion, odd-one-out, matrices, and topology within limited testing time 22 (Domino and Domino, 2006) . The Gf using the standard protocol in Scale 2, Form A of Cattell Culture 23
Fair test, was assessed through the pencil-and-paper method. 24 1 Table 1 : Demographics of the 603 healthy adults in the Cam-CAN cohort. 2
Image Acquisition 1
All participants were scanned using a 3-Tesla MRI scanner (TIM, Trio, Siemens, Erlangen, Germany) 2 at the Medical Research Council Cognition Brain and Sciences Unit, Cambridge, UK. High-resolution 3 structural MRI images were acquired using a 3D rapid acquisition gradient echo sequence with 4 preparation pulses for T1 weighted contrast. The parameters of imaging were: TR/TE = 2250/2.99 ms, 
Volume-Based Morphometric Analysis 13
Cortical regions were segmented on T1-weighted images by a computational anatomy toolbox 14 CAT12 (http://www.neuro.uni-jena.de/cat/). CAT12 employed deformation-based morphometry (DBM) 15
and voxel-based morphometry (VBM) to calculate cortical volumes and detect structural changes over the 16 whole brain (Gaser et al., 2001; Gaser et al., 1999) . VBM estimated the voxel-wise local volume of a 17 specific tissue compartment and enabled completely automatic analysis across the entire brain (Ashburner, 18 2007) . DBM analyzed the deformations that were necessary to spatially register an image to a template by 19 local adaptive segmentation approach (Dahnke et al., 2012b). T1-weighed images underwent the process 20 of inhomogeneity correction and tissue classification, spatial normalization and spatial smoothing 21 (convolving with a Gaussian function) using the VBM and DBM toolkits in CAT 12 (Gaser and Dahnke, 22 2016 ). After image processing, the images were normalized to MNI space and segmented into gray matter, 23 white matter, and cerebrospinal fluid components. The deformation matrices calculated from the spatial 24 registration were used to transform the labels or regions of interest in the template space to individual 25 subject space (named region-based morphometry), and this allowed the overall values of gray matter 26 within the pre-defined regions to be estimated (Yotter et al., 2011a; Yotter et al., 2011b) . Surface-based 1 morphometry was applied to estimate cortical thickness using CAT12 (Dahnke et al., 2012a; Yotter et al., 2 2011c). Cortical volume and thickness indices were calculated for the MD regions provided by the LONI 3 LPBA40 atlas (http://www.loni.usc.edu/research/atlases). 4
The MD system comprises specific brain regions in the frontal and parietal lobes which are known to 5 be activated when performing demanding cognitive tasks (Fedorenko et al., 2013) , and the damage to 6 which is associated with reduced Gf (Woolgar et al., 2010) . We selected the cortical MD regions reported 7 by Duncan (2010) as the regions of interest identified in the LONI LPBA40 atlas. In Duncan's study 8 (Duncan, 2010) , the MD map was drawn from brain activation regions associated with a wide range of 9 cognitive functions, including working memory delay, number of working memory elements, task of 10 novelty response conflict and perceptual difficulty, based on a review evaluating 20 functional MRI tasks 11 (Duncan, 2006; Duncan and Owen, 2000) . Peak activities from these fMRI studies were smoothed and 12 summed, and the resulting summed MD map was thresholded to visualize the regions that were most 13 frequently activated. Coordinates have been transformed into MNI space, and based on which Duncan 14 listed the coordinates of the MD map. The coordinates fell into the following fronto-parietal regions: the 15 inferior frontal sulcus, anterior insula and adjacent frontal operculum, the pre-supplementary motor area 16 and adjacent dorsal anterior cingulate, the intraparietal sulcus and adjacent areas (Duncan, 2010 ROIs of the targeted tracts, and calculated cortical volumes and thickness of these ROIs. These regions 25
included the superior frontal gyrus (SupFroG), the precuneus (PCu), the inferior frontal gryus (InfFroG), 26 the middle occipital gyrus (MidOccG), and the cingulate gyrus (CinG). 1
Diffusion Index Calculation Using Regularized Mean Apparent Propagator MRI 2
We used regularized mean apparent propagator (ReMAP) MRI to reconstruct the diffusion 3
propagator from the diffusion MRI signal (Hsu and Tseng, 2018; Ozarslan et al., 2013) . ReMAP MRI 4
fitted the diffusion MRI signal with the linear combination of Hermite functions, so that the diffusion 5 propagator can be represented by a few coefficients, serving as an efficient dimension reduction method. 6
The coefficients of the diffusion propagator, orientation distribution function (ODF) and diffusion tensor 7 were determined, from which various diffusion indices could be calculated (Avram et al., 2016) .In this 8 study, we calculated axial diffusivity (D A ), radial diffusivity (D R ), mean diffusivity (D M ), and generalized 9 fractional anisotropy (GFA) to represent the microstructural integrity of WM tracts. The values of D A , D R 10 and D M represented, respectively, the first eigenvalue, the mean of the second and third eigenvalues, and 11 the mean of the first, second and third eigenvalues of the diffusion tensor (Basser et al., 2000) . The GFA 12 value was defined as the standard deviation of the ODFs in all radial directions divided by the norm of the 13
ODFs (Tuch, 2004) . 14
Quality Assurance of Diffusion-weighted Images 15
All diffusion datasets underwent quality assurance procedures, including examinations of the 16 signal-to-noise ratio (SNR), the degree of alignment between T1-weighted images and the diffusion 17 indices' map including D A , D R , D M and GFA, and detection of abrupt head motion. SNR was evaluated by 18 calculating the mean signal of an object divided by the standard deviation of the background noise 19 (Dietrich et al., 2007) . In practice, the signal was determined using a central square of an image for each 20 slice, and the noise was averaged from four corner regions. Diffusion datasets higher than mean SNR 21 minus 2.5 standard deviations of all participants were included in the study. The degree of within-subject 22 alignment between T1-weighted images and the GFA map was evaluated by calculating the spatial 23 correlation between the WM tissue probability map derived from T1-weighted images and the GFA map. 24
The datasets higher than mean spatial correlation minus 2.5 standard deviations were included in the 25 study. Abrupt head motion or other visible artifacts were manually inspected and removed. After all image 26 quality assurance procedures, the remaining rate was 96.9% (616 out of 636 remained). 1
Tract-based Analysis for Diffusion Images 2
We used an automatic tract-based analysis method, named tract-based automatic analysis (TBAA), 3
to sample the diffusion index values along the tracts in the MD system. The procedures of TBAA have 4 been described previously (Chen et al., 2015) . Figure 1illustratesthe whole process of diffusion index 5 computation and tract-based analysis. Briefly, TBAA was used to register DW images of all the study 6 participants to a standard template, in which tractograms of 76 major WM tracts had been built through 7 deterministic tractography (Chen et al., 2015) . Once the registration was completed, position coordinates 8 of 76 tracts were transformed from the template space to native space of each individual subject. 9
Diffusion index values including D A , D R , D M and GFA were sampled along the coordinates of each tract 10 and averaged to obtain the mean value of each index for each WM tract. Diffusion indices (i.e. axial diffusivity, radial diffusivity, mean diffusivity and generalized anisotropy) 14
were reconstructed using the ReMAP MRI algorithm. DW images of all study participants were spatially 15 registered to form a study-specific template. The study-specific template was then registered to a standard In this study, we focused on the tract integrity of five pairs of WM tracts that physically connected 3 the brain regions in the MD system ( Figure 2 ). These tracts included bilateral superior longitudinal 4 fasciculi (SLF) divisions 1, 2, and 3 (SLFI, SLFII, and SLFIII), bilateral frontal aslant tracts (FATs), and 5 bilateral superior cingulum bundles (SCBs). In addition to calculating the mean diffusion index values of 6 each tract, we computed the mean values of all tracts in the MD system and the mean values of the 7 networks in the left and right hemispheres. 
Statistical Analysis 3
Pearson correlation analysis was performed to test the linear relationship between age and Gf scores, 4
as well as between age and structural metrics of the MD system. Partial correlation, controlling for age 5 and sex effects, was performed to estimate Gf associations with cortical volumes and thickness of gray 6 matter and with diffusion indices of WM tracts. Specifically, partial correlation analysis was performed to 7
investigate the associations of Gf scores with the mean D A , D R , D M and GFA of all tracts in the MD 8 system, mean D A , D R , D M and GFA of left and right hemispheric tracts, and mean D A , D R , D M and GFA of 9 each tract. The same analysis was performed to assess the associations of Gf scores with the mean cortical 10 volumes of all MD regions, mean volumes of the left and right MD regions, and mean volumes of each 11 brain region. The associations of Gf with cortical thickness were also analyzed in the same manner. 12
Bonferroni correction was applied to correct for multiple comparisons in partial correlation analyses. 13
Different P value thresholds were employed according to different numbers of comparisons in each level 14 of the MD system. 15
To investigate whether there was functional lateralization of the left and right MD regions, partial 16
correlations between left and right MD regions were compared using Fisher's exact test. 17
18

Results
2
Significant linear correlations were found between age and Gf (r = −0.673, p = 0.00), cortical volumes (r 3 = −0.679, p = 0.00), cortical thickness (r = −0.691, p = 0.00), D A (r = 0.497, p = 0.00), D R (r = 0.616, p = 4 0.00), D M (r = 0.612, p = 0.00), and GFA (r = −0.472, p = 0.00) ( Figure 3 ). 5 6 Figure 3 : Pearson correlations (r) between age and the Gf scores, structural metrics of the MD system. 1
Significant correlations were found between age and the Gf scores, cortical volumes (Volume), cortical 2 thickness and tract integrity (D A , D R , D M , and GFA). D A = axial diffusivity; D R = radial diffusivity; D M = 3 mean diffusivity; GFA = generalized fractional anisotropy. 4 Table 2 lists the partial correlations between Gf and structural metrics of the MD system, i.e. 5 cortical volumes, cortical thickness, and tract integrity (D A , D R , D M and GFA), with age and sex being 6 controlled. We found that both cortical volumes and tract integrity remained significantly correlated with 7
Gf. 8
Cortical volumes showed significant partial correlations with Gf scores across all levels of the MD 9 system (whole MD system: partial correlation coefficient(r) = 0.218, left MD system: r = 0.218, right MD 10 system: r = 0.215, each region of the MD system: r ranged from0.152 to 0.199). By contrast, no 11 significant association was found between Gf and cortical thickness (whole MD system: r = 0.073, left 12
MD system: r = 0.077, right MD system: r = 0.066, each region of the MD system: r ranged from 0.008 13 to 0.094). showed no significant associations with Gf after multiple comparison correction (r ranged from −0.031 to 24 −0.146). 25
For the D M index, significant partial correlations were found in the whole MD system (r = −0.144), For the GFA index, significant partial correlations were found in the whole MD system (r = 0.130), 7
left MD system (r = 0.126), and right MD system (r = 0.120). Among the WM tracts connecting the MD 8 regions, significant correlations were found in the left SLF I (r = 0.141) and the right SLF I (r = 0.130). 9
The remaining tracts showed no significant associations with Gf after multiple comparison correction (r 10 ranged from 0.021 to 0.141). 11 12 13 15 1
Cortical volume mean ± SD Partial Correlation
Cortical thickness mean ± SD Partial Correlation
Whole MD system 13 .670 ± 1.763 r = 0.218 p = 0.000* Whole MD system 2.540 ± 0.135 r = 0.073 p = 0.073 MD system_L 13 .563 ± 1.748 r = 0.218 p = 0.000**
MD system_L
2.550 ± 0.136 r = 0.077 p = 0.060 Figure 4 illustrates the results of partial correlation analyses between Gf scores and cortical 1 volumes and the mean D M index values of the left and right MD systems. It is evident that the correlation 2 between Gf and structural metrics was not driven by age (See legends of Figure 4 ). Moreover, from Table  3 2 and Figure 4 , the associations of Gf with cortical volumes or D M did not show obvious differences 4 between the left and right MD systems. Nonetheless, the plots still show a clear correlation between Gf and structure metrics after controlling the 8 age effect. It is clear that the correlation between Gf and structural metrics is not driven by age. 9
To investigate whether there was the effect of functional lateralization on the left and right MD 1 regions, we applied Fisher's exact test to compare the difference between left and right MD systems in the 2 partial correlations. Table 3 displays the results of Fisher's exact test on cortical volumes and WM  3 integrity of D A , D R , D M and GFA. No significant difference was found between left and right MD systems 4 in the partial correlation coefficients. In this study, we found significant associations between Gf and both cortical volumes and tract 3 integrity of the MD system across the adult lifespan in a population-based cohort. The linear relationship 4 between cortical volumes and Gf was evident across all levels of the MD system even after controlling for Frontal-parietal aging model 12 Based on the network-based perspective of cognitive aging (Greenwood, 2000) , we further extended A previous meta-analysis (Basten et al., 2015) reported that even though the functional and structural 20 clusters of Gf were located in the fronto-parietal circuit, they did not overlap each other. However, in the 21 current study, we found that cortical volumes and WM tracts are integral parts of the MD system, and 22 they support the functioning of Gf. Fedorenko et al. (2013) argued that the human brain possesses specific 23 regions within the frontal and parietal lobes that are domain-and process-general, hence called MD 24 regions, and such MD brain regions displayed cognitive flexibility responsible for reasoning and solving 25 novel complex problems. In this study, we further demonstrate that Gf is constantly correlated with the 26 MD network from young adulthood up to late life, suggesting that the MD system supports the working 1 of Gf across the adult lifespan. 2
White matter tracts connecting frontal and parietal lobes 3
The WM tracts connecting MD network as a whole showed significant positive partial correlation 4 with the Gf scores. Among these tracts, the functional of SLF I may be critical for Gf. We found that 5 among the five pairs of WM tracts connecting the MD system, bilateral SLF I, which connect the superior 6 frontal gyrus and precuneus, displayed significant positive partial correlations with the Gf scores. This reported that impairments in Gf are associated with the damage to the SLF. SLF I is the only fiber tract 10 connecting the frontal and parietal lobes. Very few studies have discussed SLF I, SLF II and SLF III 11
individually because of their complex pathways. SLF II is the fiber bundle immediately above the arcuate 12 fasciculus, which is located within the superior temporal gyrus. SLF III intersects with other tract bundles 13 such as the AF and corpus callosum (Makris et al., 2005) . It follows that SLF I, SLF II and SLF III are 14 difficult to be identified based on an individual's diffusion MRI data. In the NTU-DSI-122 template, 15
which is the average of the registered DSI data from 122 healthy subjects (Hsu et al., 2015) , SLF I, SLF II 16
and SLF III can be reliably segmented because of the high SNR and superior angular resolution of DSI 17
data. It enables diffusion indices of SLF I, SLF II and SLF III to be sampled based on each individual's 18 DTI data with the aid of the template-based approach employed in this study (Chen et al., 2015) . 19
Our finding also demonstrated the contribution of the FAT. The FAT is a newly identified tract 20 bundle connecting the inferior frontal gyrus (IFG) and the supplementary motor areas (SMA) (Catani et 21 al., 2012; Ford et al., 2010) . This short frontal lobe tract bundle connects the Broca's area and the medial 22 frontal cortex (Ford et al., 2010). In addition to processing language, the functions of FAT also involved 23 executive functions and working memory (Catani et al., 2012) . 24
In this study, we identified two sets of gray-and-white matter structures as the core components of 25 the MD system. The two sets included bilateral superior frontal gyri (SFG), precuneus and the connecting 26 1
These gray matter and WM structures simultaneously displayed significant positive correlations with Gf 2 in a large lifespan cohort. The correlations suggest that these core components may play a key role in the 3 functioning of Gf in the entire life. Our findings demonstrate a clear association between Gf-related 4 cognitive functions and brain network, which might serve as a neurological basis for network-based Our study explored the relationships between WM tract integrity and fluid intelligence by 19
considering the complete set of the diffusion indices. We found that the values of D A , D R and D M 20 increased, and those of GFA values decreased with age. As compared with D A , D R and D M had more tracts 21
showing linear relationships with Gf. The findings suggest that variations of myelin sheath as reflected by 22 D R and D M might be the main structural correlates of Gf independent of age. 23
Functional lateralization of fluid intelligence 24
Functional lateralization of certain cognitive functions in the human brain has been reported by 25 clinical studies and has long been considered to be beneficial for efficient functioning, particularly 1 right-hemisphere lateralization for visouspatial and attentional processing (Gazzanlga, 1995 Intelligence Scaleto test the Gf scores of more than one humdredpatients with focal brain injuries. They 4 also acquired task functional MRI and diffusion MRI data from the patients to investigate neural 5 substrates of Gf. Using the voxel-based lesion-symptom mapping approach, they found a significant 6 association between the impairment of Gf and the damage to the left SLF (Barbey et al., 2012; Glascher et 7 al., 2010) . They found that Gf depended more on the left lateralized network of the frontal and parietal 8 brain regions. It may be due to the involvment of verbal-related ability tested by the intelligence tests they 9
applied. However, our study applied Cattell Culture Fair test, testing Gf abilities such as pattern 10 recognition, abstract reasoning, and problem solving. There was no verbal-related measurement. Our 11 study found that both cortical volumes and tract integrity within the MD system showed comparable 12 strengths of associations with Gf in the left and right hemispheres. Furthermore, Fisher's exact test 13 showed no significant difference in partial correlations between left and right MD systems. If hemi-aging 14 asymmetry existed, the right hemispheric structures would have shown stronger associations with Gf 15 which is functionally dominant in the right hemisphere. However, our results indicate that the MD system 16 in the right hemisphere does not seem to be coupled with Gf more tightly than that in the left hemisphere. 17
Therefore, our data of Gf-MD correlations did not support the hemi-aging hypothesis. left-lateralized asymmetry used more complex tasks than those reporting no asymmetry (Gerhardstein et 23 al., 1998) . Another possilbe explanation of the inconsistency might be due to the fact that diffierent brain 24 regions may exhibitdifferent rates ofdegeneration in different lifespan periods. The inconsistency reflects 25 heterogeneous region-task relationships throughout lifespan. 26
Negative results of cortical thickness and superior cingulum bundle 1 In our study, we did not find significant linear relationships between Gf and the cortical thickness 2 within the MD system. Previous studies have reported significant associations of the cortical thickness 3 with general intelligence tests, and the associated regions were located around the prefrontal cortex and 4 temporal lobe (Brouwer et al., 2014; Karama et al., 2011; Menary et al., 2013; Narr et al., 2007) . Their 5 findings and our null results of cortical thickness suggest that the cortical thickness might be involved in 6 general intelligence or verbal intelligence, but not in Gf. The underlying mechanism of this disparity 7 requires further investigation. 8
We did not find significant linear relationships between Gf and the SCB. Recent two studies tested 9
Gf-WM associations with respect to a mediator effect of processing speed.The studies by Haasz et al. for Gf, and the SCB was not among the tracts with significant associations. The null results in the Gf 12 associative studies and ours imply that the SCB might not be a key player in Gf. 13 Future direction to investigate the lesion brain across adulthood 14 Although the current study focused on the MD system, we also found significant correlations responsible for Gf in non-lesion brain. It requires further works to clarify the difference in Gf-brain 23 relations between lesion brain and non-lesion brain. The current study has limitations. First, our study was a cross-sectional study instead of longitudinal 2 cohort study. The longitudinal research design following participants' changes with age can better reflect 3 the lifespan patterns of human brain and behavior. However, it is very difficult to track a life-long 4 longitudinal cohort. The cross-sectional estimates from a sufficiently large population, similar to that used 5 in this study, may indirectly represent within-person changes over time. Second, the cohort did not 6 include the developmental stages across the childhood and adolescent periods; instead, the study focused 7 on the 18-88-years age group. Therefore, the present study could not provide an overall lifespan 8 perspective of the relationship between Gf and the MD system. Third, we included four domains of Gf, 9
but they were all subtests of a single test. The present finding for the association between Gf and the MD 10 system may only represent a restricted perspective of human Gf (Kievit et al., 2016) . 11
Conclusion 12
By examining a large adult population across a wide age range using the same MRI scanner, we 13
confirmed the association of Gf with the MD system in the context of aging. We found that the 14 association remained significant in the entire adult lifespan despite simultaneous decline of Gf and the 15 MD system. Our results suggest that the MD system might be the biological underpinning of Gf. Because 16
the MD system is composed of gray matter and WM structures in the fronto-parietal regions, our findings 17 support the fronto-parietal model of cognitive aging. However, we did not find interhemispheric 18 differences in the Gf-MD correlations, not supporting the hemi-aging hypothesis. We further identified the 19 core components within the MD system that showed unified associations with Gf; which included 20 bilateral SFG, precuneus and the connecting tracts of SLF I, and bilateral IFG, SMA and the connecting 21
tracts of FAT. A longitudinal study or local intervention study should be conducted to verify the causal 22
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